Under variable and changing climates groundwater storage sustains vital ecosystems and 9 enables freshwater withdrawals globally for agriculture, drinking-water, and industry. Here, 10 we assess recent changes in groundwater storage (ΔGWS) from 2002 to 2016 in 37 of the 11 world's large aquifer systems using an ensemble of datasets from the Gravity Recovery and 12 Climate Experiment (GRACE) and Land Surface Models (LSMs). Ensemble GRACE-13 derived ΔGWS is well reconciled to in-situ observations (r = 0.62-0.86, p value <0.001) for 14 two tropical basins with regional piezometric networks and contrasting climate regimes.
1 Introduction 25 Groundwater is estimated to supply substantial proportions of the world's agricultural (42%), 26 domestic (36%), and industrial (27%) freshwater demand (Döll et al., 2012) . As the world's 27 largest distributed store of freshwater, groundwater also plays a vital role in sustaining 28 ecosystems and enabling adaptation to increased variability in rainfall and river discharge 29 derive a total of 20 realisations of ΔGWS for each of the 37 aquifer systems. We then 146 averaged all the GRACE-derived ΔGWS estimates to generate an ensemble mean ΔGWS 147 time-series record for each aquifer system. GRACE and GLDAS LSMs derived datasets are 148 processed and analysed in R programming language (R Core Team, 2017) . (Rodell et al., 2004) , at variable grid resolutions (from 2.5° to 1 km), enabled by the Land 156 Information System (LIS) (Kumar et al., 2006) . Currently, GLDAS (version 1) drives four 157 land surface models (LSMs): Mosaic, Noah, the Community Land Model (CLM), and the 158 Variable Infiltration Capacity (VIC). We apply monthly ΔSMS (sum of all soil profiles) and 159 ΔSWS data at a spatial resolution of 1° × 1° from 4 GLDAS LSMs: the Community Land 160 Model (CLM, version 2.0) (Dai et al., 2003) , Noah (version 2.7.1) (Ek et al., 2003) , the 161 Variable Infiltration Capacity (VIC) model (version 1.0) (Liang et al., 2003) , and Mosaic 162 (version 1.0) (Koster and Suarez, 1992) . The respective total depths of modelled soil profiles 163 are 3.4 m, 2.0 m, 1.9 m and 3.5 m in CLM (10 vertical layers), Noah (4 vertical layers), VIC 164 (3 vertical layers), and Mosaic (3 vertical layers) (Rodell et al., 2004) . For snow water 165 equivalent (ΔSNS), we use simulated data from Noah (v.2.1) model (GLDAS version 2.1) 166 that is forced by the global meteorological data set from Princeton University (Sheffield et 167 al., 2006) ; LSMs under GLDAS (version 1) are forced by the CPC Merged Analysis of 168 Precipitation (CMAP) data (Rodell et al., 2004) . 169 https://doi. org/10.5194/esd-2019-43 Preprint. Discussion started: 9 September 2019 c Author(s) 2019. CC BY 4.0 License. 170 To evaluate the relationships between precipitation and GRACE-derived ΔGWS, we use a and GRACE-derived ΔGWS were decomposed to seasonal, trend and remainder or residual 183 components using a non-parametric time series decomposition technique known as 184 'Seasonal-Trend decomposition procedure based on a locally weighted regression method 185 called LOESS (STL)" (Cleveland et al., 1990) . Loess is a nonparametric method so that the 186 fitted curve is obtained empirically without assuming the specific nature of any structure that 187 may exist within the data (Jacoby, 2000) . A key advantage of STL method is that it reveals 188 relatively complex structures in time-series data that could easily be overlooked using 189 traditional statistical methods such as linear regression. series records for each aquifer system were decomposed using the STL method (see equation 193 2) in the R programming language (R Core Team, 2017) as:
Global precipitation datasets
where smoothing parameters suggested that the overall structure of time series at all sites could be 213 captured reasonably using window widths of 13 for the seasonal component and 37 for the 214 trend. We apply the STL decomposition with a robust fitting of the loess smoother adverse effect due to extreme outliers in the time-series data (Jacoby, 2000) . Finally, to make 217 the interpretation and comparison of nonlinear trends across all 37 aquifer systems, 218 smoothing parameters were then fixed for all subsequent STL analyses. Table S2 ). Overall, changes in ΔTWS (i.e., difference between two consecutive hydrological 239 years) are correlated (Pearson correlation, r >0.5, p value <0.01) to annual precipitation for 25 of the 37 large aquifer systems (Table S1 ). GRACE ΔTWS in aquifer systems under 241 monsoonal precipitation regimes is strongly correlated to rainfall with a lag of 2 months (r 242 >0.65, p value <0.01). In the Bengal Basin, computed GRACE and in situ ΔGWS demonstrate an exceptionally 258 strong seasonal signal associated with monsoonal recharge that is amplified by dry-season 259 abstraction (Shamsudduha et al., 2009; Shamsudduha et al., 2012) and high storage of the contrasting basins indicate that, at large scales (~200,000 km 2 ), the methodology used to 279 compute GRACE-derived ΔGWS has merit. produce anomalously high values of GRACE-derived ΔGWS (Fig. 6b, Fig. S10 ). In the ΔSNS + ΔSWS exceeding ΔTWS leads to a very negative estimation of ΔGWS when 315 groundwater is following a rising trend (Fig. 6c, Fig. S26 ). (annual) precipitation ( Fig. 5 ; Table S3 and Table S4 ). In the semi-arid Great Artesian Basin (Tables S3 and S4 and Figs. S2, S8, S12, S16, S22).
342
Similar rises in GRACE-derived ΔGWS in response to extreme annual rainfall in arid basins 343 include the Lake Chad Basin (7) in 2012 and Ogaden-Juba Basin (9) in 2013 (Table S3 and We compute a range of uncertainty in GRACE-derived ΔGWS associated with 20 potential (Table S1 ) and the net rise in GRACE-derived ΔGWS is associated with 433 changes in the terrestrial water balance associated with land-cover change (Ibrahim et al.,
434
Our analysis identifies non-linear trends in GRACE-derived ΔGWS for the vast majority (32 436 of 37) of the world's large aquifer systems (Figs. 1, 5 and 8 Fig. S80 ). The variable and often Table 1 and correspond to numbers shown on this map for reference.
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Grey shading shows the aridity index based on CGIAR's database of the Global Potential 
